Aim: We test a new species distribution modelling (SDM) framework, while comparing results to more common distribution modelling techniques. This framework allows for the combination of presence-only (PO) and presence-absence (PA) data and accounts for imperfect detection and spatial bias in presence data. The new framework tested here is based on a Poisson point process model, which allows for predictions of population size. We compared these estimates to those provided by experts on the species. (4) an Integrated framework which combines the previous two models. Model averaging was used to produce a single set of coefficient estimates and predictive maps for each model framework. A hotspot analysis (Gi*) was used to identify habitat cores from the predicted intensity of the Integrated model framework.
model produced predictive maps with similar patterns and were considered to be more in agreement with expert knowledge compared to the PO and PA models.
Main conclusions: Total abundance as predicted by the model was higher than expert opinion on the species, but local density estimates from our model were similar to available independent assessments. We suggest that these results warrant further validation and testing through collection of independent test data, development of more precise predictor layers and improvements to the model framework.
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| INTRODUCTION
| Conservation and SDMs
Determining current species distributions and assessing change over time are necessary for better conservation management aimed at reducing species loss in ecosystems. Species distribution models (SDMs) provide continuous spatial predictions about species habitat preferences and thus are useful tools for conservation management (Franklin, 2010) . However, building useful models for rare species can be challenging for many reasons, including that data on rare species are typically scarce and vary in quality and type (Aitken et al., 2007; Wisz et al., 2008) . The fact that species most in need of conservation attention are often the most difficult to model has been labelled the "rare species modelling paradox" (Lomba et al., 2010) . In this study, we compare four SDMs in terms of their abilities to generate necessary distributional information relevant for conservation of a rare, endangered species.
| Methodological background
In general, SDMs use one of two types of data as the response (i.e., dependent) variable: presence-only (PO) or presence-absence (PA).
PO data contain only information about where a species has been observed, while PA data also provide information about where the species has not been found despite survey efforts.
Presence-only data are generally more available than presenceabsence data, but the modelling options appropriate for use with them are limited and can lead to overestimates of distribution. Despite this, modelling methods for presence-only data have advanced, albeit slowly. For over a decade, the most common method across all SDMs has been Maxent modelling (Phillips, Dudík, & Schapire, 2004; Vaz, Cunha, & Nabout, 2015) , likely due to its more accurate predictions compared to other frameworks (Elith et al., 2006) . Despite its heavy use, Maxent has been criticized for several reasons. These criticisms include its use of vague indices to determine probability of occurrence (Royle, Chandler, Yackulic, & Nichols, 2012) , lack of accounting for spatial sampling bias, which is common in presence-only data (Yackulic et al., 2013) , and difficulty in interpreting results (Renner & Warton, 2013) .
Other methods developed to address deficiencies in SDMs include occupancy models (MacKenzie et al., 2002) and point process models (PPMs) (Warton & Shepherd, 2010) . Occupancy models account for imperfect detection, or the fact that a species is not always detected despite its presence. Failing to account for imperfect detection can lead to biased parameter estimates (Dorazio, 2012; Lahoz-Monfort, Guillera-Arroita, & Wintle, 2014) . In occupancy modelling, if detection probability is affected by the same set of covariates that affect occurrence probability, bias in the model is inevitable (Royle et al., 2012) . To solve this issue, these models require repeated observations of either presence-absence or point-count (PC) data to estimate and account for detectability (Kéry et al., 2013) .
Some researchers have attempted to work around the weaknesses of using PO data in SDMs by including pseudo-absences, or artificially compiled absences, in models. Pseudo-absences are used with methods that require PA data when only PO data are available (Zaniewski, Lehmann, & Overton, 2002) . Maxent uses a similar construct termed background points. Regardless of the term, there are no clear recommendations on the number of points to use or how to distribute those points across the area of inference (but see Barbet-Massin, Jiguet, Albert, & Thuiller, 2012) . PPMs solve the pseudo-absence problem through a reformulation of the basic model structure for SDMs.
In PPMs, pseudo-absences are viewed as equivalent to quadrature points used to estimate integrals. Following this conceptualization, the number of background points is increased until the likelihood stabilizes (Warton & Shepherd, 2010 ).
An additional advantage of PPMs is that the response variable modelled is "intensity," or individuals per unit area. This is different from Maxent, which models occurrence on a per-pixel basis, and thus is dependent on the scale chosen for the analysis (Renner & Warton, 2013) . The model-estimated intensity can also be summed across spatial units (e.g., a specific protected area) to obtain an estimate of population size in that area, a useful tool for conservation management.
For most rare species, PO data remain the most readily available because they are easiest to collect (Engler, Guisan, & Rechsteiner, 2004) . However, over the past decade, PA data have become increasingly common due to analytical developments that have promoted their collection (i.e., MacKenzie et al., 2002) and the rapid expansion of camera-trapping, which enables this data collection (e.g., Lesmeister, Nielsen, Schauber, & Hellgren, 2015) . Given that data on rare species are often scarce by nature, methods to integrate both PO and PA data on rare species into the same model have the potential to improve our capacity to model rare species effectively. Dorazio (2014) introduced a model that combines the two frameworks of occupancy models and point process models, allowing for the use of both PO and PA data.
Thus far, there have been no real-world applications of this model (see Fletcher, McCleery, Greene, & Tye, 2015 for a partial application), leaving conservation biologists unable to assess the full potential of this integrative approach of combining PO and PA data.
| Baird's tapir as a case study species
Baird's tapir (Tapirus bairdii) is an ideal species to test the Integrated model as there is a strong network of international scientists collaborating and sharing data across the species' range in order to fully understand its ecological and conservation needs. It is also of considerable conservation interest due to its globally endangered status, genetic uniqueness, role in ecosystem function and due to increasing threat to its habitat (Brooks, Bodmer, & Matola, 1997; Garcìa et al., 2016; Isaac, Turvey, Collen, Waterman, & Baillie, 2007 ).
Baird's tapir plays an important ecological role as an ecosystem engineer, primarily through seed dispersal and extensive selective browsing. Baird's tapirs are the largest terrestrial mammals in the Neotropics and are therefore the sole effective dispersers of most large seeds, especially over long distances (O'Farrill, Galetti, & Campos-Arceiz, 2013 ). The loss of megaherbivores like the tapir can lead to cascading detrimental effects on other species, ecological processes, as well as on overall ecosystem function (Ripple et al., 2015) . Previous efforts to model the distribution of Baird's tapir include projects that used presence-only data in Maxent models (Carrillo Reyna, Weissenberger, & Reyna-Hurtado, 2015; Mendoza et al., 2013; Schank et al., 2015) , and two studies that used presence-absence data in occupancy models (Cove et al., 2014; Jordan et al., 2016 ).
| Research objectives
Our main objective was to apply the Integrated SDM framework using both PO and PA data of Baird's tapir and compare the results to models that use each data type alone. However, given that basic knowledge about where a species occurs is imperative in designing and implementing conservation strategies, our secondary objective was to evaluate the implications of model results for Baird's tapir conservation and protection. To do this, we evaluated the accuracy and precision of model estimates, including model coefficients and population estimates created by summing intensity across spatial units. We further discuss the significance of these estimates based on our collective prior knowledge of the status of Baird's tapir populations and current threats to the species.
In addition, we address the issue of survey bias in our data. Wildlife surveys are often biased towards areas that are more accessible (e.g., close to roads), or places where the species is known or thought to occur. Hierarchical models, such as the Integrated SDM used here, separate the detection process from the process of interest: the species' actual distribution. In this hierarchical framework, the modeller can use variables in the detection process that are thought to influence or bias the location of surveys. We tested the use of these variables and discuss their impacts on model output.
| METHODS
| Study area
The study area for this research ranges from Veracruz and Oaxaca states in southern Mexico to the Department of Chocó in Northern Colombia (approximate coordinates: 22°N to 3.6°S, 98° to 76°W), excluding islands. All analysis was conducted at a spatial resolution of one kilometre, in a global equal area projection.
| Model formulation
Four modelling frameworks were tested in this analysis, including (1) Maxent (Phillips et al., 2004) , (2) a presence-only (PO) SDM based on a point process model (PPM), (3) a presence-absence SDM (PA), also based on a PPM and (4) the Integrated SDM framework that combines both 2 and 3 (Dorazio, 2014) . Imperfect detectability is incorporated in both the PO (2) and PA (3) SDMs. In the PO model, probability of detection is modelled as a thinning of the point process describing the species distribution, using a Bernoulli distribution (Dorazio, 2014) .
In the PA model, detectability is estimated as in an occupancy model using a zero-inflated formulation (Royle and Dorazio, 2008) . Models were fit using the "dismo" package (Hijmans, Phillips, Leathwick, & Elith, 2014) and custom code developed in R (R Core Team, 2016).
Nineteen candidate models were formulated to test differing hypotheses about the factors that affect the distribution of Baird's tapir (Table 1 ). All four model frameworks were fit using these candidate models (except the null model, model 0, for Maxent, as there is no way to run the software without predictor variables). To facilitate the creation of the candidate models, predictor variables were grouped into categories related to influential processes including climate, land cover and protected status, human pressure, slope and sampling variables (a list of the data sources is found in Appendix S1). All continuous variables were scaled to have a mean of zero and standard deviation of one; thus, the magnitudes of the coefficients are comparable (except distance to/within protected areas, which was not centred, to preserve negative values as within protected areas, and positive values outside of these areas).
| Description of modelling frameworks
Maxent is a popular SDM software that minimizes the entropy between two probability distributions based on a vector, z, of environmental covariates used in modelling (Elith et al., 2011) . The first distribution, f 1 (z), is based on presence-only (PO) locations, while the second, f(z), is based on a random sample of the background environment. The goal of most SDMs is to estimate the probability of presence, or Pr(y = 1|z), where y = 1 denotes presence (y = 0 denotes absence). However, without absence data, this property can only be estimated up to a constant. The missing piece of information is Pr(y = 1), or the prevalence of the species in the study area. By default, the Maxent software assumes prevalence is 0.5 to create a logistic output which ranges from 0 to 1. We adjusted this setting to 0.2 to match the prevalence in our presence-absence test data. Maxent settings were also adjusted to include only linear and quadratic terms The presence-only (PO) model formulated in Dorazio (2014) incorporates spatial bias in PO data through an independent thinning of the point process. This thinned point process is the product of the original point process and p po (s), the probability that the site is surveyed and the species is detected. p po (s) is formulated as a logistic function of unknown parameters and location-specific regressors w po (s):
We adjusted the planned survey model from Dorazio (2014) , which used point-count data, to accommodate our detection/non-detection) data. The model used here follows an occupancy framework based on a zero-inflated binomial distribution. The presence or absence (i.e., occupancy) of the species at a site, C i , follows a Bernoulli distribution. In this case, the detection histories at each site, y i , have additional nondetections (i.e., zeros) due to imperfect detectability, the fact that an individual may go undetected even when present. This relationship is modelled as a Binomial distribution with J trials, and the probability of success (i.e., species detection) equal to the product of z i (the occupancy state, z i = I(N(C i ) > 0) and p pa , the probability of detection at the site. Occupancy (ψ i ) and intensity (λ i ) are linked following the equation below (Koshkina, Wang, Gordon, Dorazio, & Stone, 2017) ,
As with detectability in the PO model, p pa (s) is formulated as a logistic function of unknown parameters and location-specific regres-
Though their models of detectability differ, the PO and PA frameworks share the same SDM model based on a Poisson point process.
In the Integrated SDM, the PO and PA models are estimated simultaneously, such that one set of parameters for the SDM is created (i.e., the β's), while separate detectability parameters are estimated (i.e., the α's) for the PO and PA models.
| Presence data
Presence data for Baird's tapir were compiled from several sources (Appendix S1-Data Sources), including planned surveys conducted using camera traps (presence-absence data), and collections of op- We used presence-absence data collected by camera traps to construct 100-day long detection histories at each site, establishing ten sampling occasions that span ten days each (tapir appear to cycle through their home range every 10-12 days; Jordan, 2015) . Cameras at some sites malfunctioned or were removed before the 100-day sampling period was complete. In this case, we used data only from complete sampling 10-day occasions.
Due to the nature of modelling the entire distribution of a wideranging species like Baird's tapir, data must be combined from several sources which are often collected during different years. In this case, the data span primarily the period from 2000 to 2015 (with few exceptions); thus, the detection histories across sites are not from the same 100-day span. For this reason, occupancy and density estimates represent the species presence during that time span (i.e., over 15 years).
| Spatial subsampling
A random spatial subsampling procedure was performed to thin the presence data prior to model fitting. The algorithm starts by randomly choosing one observation point and removing any other observation points within a given radius. The chosen observation is added to the subset, and the steps repeated until no observations are left in the original data. The effect of this procedure is to enforce a minimum distance between sampling points. A similar type of subsampling is sometimes used to remove survey bias in observation data (Beck, Böller, Erhardt, & Schwanghart, 2014) ; however, this grid-based approach can lead to samples that remain close in space, if they fall just across a boundary in an adjacent grid cell.
This subsampling process was used to maintain independence of observations. In occupancy models, the population at each site is as- 
| Model averaging
Model fit was repeated 100 times for each combination of candidate model and model framework to capture the variation in the random spatial subsampling. Parameters were averaged across candidate models for each framework and point sample using Akaike weights
where β is the parameter estimate for a given model i, and w i is the Akaike weight of the model. The parameters were then averaged across these replicates to create one prediction and set of parameter estimates for each model framework (Table 2 ). In Maxent, calculation of AIC is not straightforward; thus, for this framework, we averaged across model iterations for candidate Model 9 (full model without sampling covariates). Cade (2015) questions the validity of model averaging using Akaike weights; however, for this research, only the PO and PA models are affected, because this method is not used with the Maxent results, and model 18 has all of the support in the Integrated framework ( Table 2 ).
| Identification of habitat cores
Using the predicted intensity from the Integrated model, we calculated the Getis-Ord Gi* (i.e., local G) spatial statistic (Getis & Ord, 1992) to identify clustered areas both above (i.e., hotspots) and below (i.e., cold spots) the global mean (see Nelson & Boots, 2008 for use of hotspots in Landscape Ecology). The estimated intensity was then summed within each statistically significant (α = 0.05) hotspot, and those with values above 200 were selected as habitat cores. Medici and Desbiez (2012) estimated that 200 adult individuals of Tapirus terrestris were required to constitute a minimum viable population in the Atlantic Forest of Brazil. We assume the same to be true for Tapirus bairdii although if inbreeding and genetic variability were considered, this number would likely need to be considerably higher, especially given that Baird's tapirs are known to have very low levels of heterozygosity and allelic diversity (Norton & Ashley, 2004) .
| RESULTS AND DISCUSSION
| Coefficient estimates
The reciprocal of the condition number, the ratio of the smallest to the largest eigenvalues in the Fisher information matrix, can be used to determine whether the parameters of the SDM are identifiable (Dorazio, 2014) . Following these criteria, coefficient standard errors were almost never estimated for the PO models, and thus, this framework is not included in the majority of our discussion. This trouble with identifiability could be due to very low detectability in the PO data. For comparison, PO models were estimated with standard errors in less than 1% of models, while PA models were able to estimate these measures 100% of the time, and the Integrated model 80% of the time.
Slope was the only variable in the PA model that had a 95% confidence interval that did not overlap zero (Table 3) . It is likely that establishing important relationships with environmental variables was difficult in the PA model because of reduced sample size (the PA model does not include any background information, while the other three models do). This was also evident in the Akaike weights (Table 2) In the Integrated framework, the only climate variables with 95% confidence intervals that did not overlap zero were annual precipitation (positive), and temperature seasonality (negative), both also had nonlinear relationships (i.e., quadratic terms important). Meanwhile, nearly all non-climate variables had 95% confidence intervals that did not overlap zero. The modelled relationships for these variables were mostly as expected, showing a positive relationship between Baird's tapir occurrence and forest cover, and negative relationships with roads and slope (Table 3) . Among all of these, the effect of forest cover had the largest magnitude, followed by roads. This is not surprising, as deforestation and hunting are widely recognized as the two largest threats to the species (Garcìa et al., 2016; Medici et al., 2005) . Interestingly, Enhanced Vegetation Index (EVI) has a negative and linear relationship with Baird's tapir occurrence in our model.
There were also several significant relationships among the sampling variables in the Integrated framework. With these, a positive relationship existed with protected status in the PO data, possibly Maxent estimates parameters are not directly comparable to the coefficients discussed above, but that can provide some context for comparison (Table 4) . Forest cover, distance to/within protected areas and presence of roads were the three variables with the most importance and contribution to Maxent (in model 9). This was similar to the results we see with the Integrated model discussed above. Although it would have been possible to include the sampling variables in the Maxent model, there was no ability to differentiate between variables that affect the sampling process vs. those that affect the species distribution directly.
| Spatial predictions
Spatial predictions for probability of occurrence were strikingly similar for two of the model frameworks: Maxent and Integrated (Figure 1 ).
These predictions match fairly well with the expected distribution for the species, although the probabilities may be too high across the Inspecting the coefficient estimates (Table 3) , the difference between the PO and Integrated model was largely due to the intercept (beta0), while the difference between the PA and Integrated models could be attributed to the difference in coefficient estimates for climate variables. The advantage that the Integrated model has over
Maxent is the ability to estimate intensity (i.e., abundance), which we utilize below to identify viable habitat cores.
| Assessment of habitat cores and population estimates
A hotspot analysis using Gi* (circular neighbourhood with radius of 10 km; Getis & Ord, 1992) identified 25 habitat cores in the Integrated model framework (Figure 2) , with the two largest cores (the Yucatán Peninsula and the Honduras-Nicaragua border) comprising roughly 61% of core habitat for Baird's tapir. In general, the cores matched well with the expected distribution of the species. However, some small cores were predicted that have no tapir observations and likely do not harbour any individuals (e.g., La Encrucijada, Mexico; Laguna de Términos, Mexico; north and west of Lacandona, Mexico; Pixvae, Panama). It is probable that tapirs historically occurred in these areas, yet went locally extinct due to small core size and distance from larger individual tapirs spread across these 25 core areas. This is more than an order of magnitude higher than expert estimates for the species that suggest there may be fewer than 6,000 individuals left in the wild (Castellanos et al., 2008; Garcìa et al., 2016) .
It is possible that model results would more closely approximate global experts' expected state of the population with the addition of more proximate or more detailed environmental variables, such as differing management regimes among protected areas, more detailed habitat types, distance to villages, and improved hunting/poaching variables. Hunting in particular has been reported as a widespread and substantial threat to the survival of Baird's tapirs due to their slow reproduction (Dunn, Estrada, & Smith, 2011; García, Leonardo, Castillo, Gómez, & García, 2010; Jordan, Galeano, & Alonzo, 2014; Koster, 2007; McCann, Wheeler, Coles, & Bruford, 2012) . Although hunting does not seem to drive tapirs to local extinction in all sites where the phenomenon has been studied, hunting could maintain tapir populations at extremely low densities. The human invasion of protected areas throughout significant portions of the Baird's tapir range has increased drastically in past decades, which has likely resulted in increased access for hunters in arguably all of Baird's tapir range countries both inside and outside of protected areas. Thus, substantially lower densities than would be expected in the absence of hunting might exist throughout the species' range. However, hunting data in a format compatible with our PA and PO data on tapirs are not available on a range-wide basis for the species. Thus, to evaluate this, hunting data would need to be collected using a uniform methodology across the range of Baird's tapir, which would entail substantial time and economic investment.
Another factor that might explain the apparent overestimation of population from our model is the detectability of the species in fragmented habitat. Cove et al. (2014) observed that tapir detection was negatively related to increasing forest cover such that tapirs were more detectable in small forest patches. The interpretation of intensity (from camera trap detections) correlating with true abundance could be misleading if tapir detection increases in small forest patches. This detection phenomenon is another factor that might explain the disparity in our global population estimate and expert opinions.
To verify the intensity estimates from this model, abundance estimations derived from other methods should be used as a comparison (i.e., via capture-recapture). Ideally, these abundance estimates should be summed up across intact cores to see how they compare to the summed intensity from this research. Interestingly, intensity values at a particular location do not appear to be outside the estimates of experts, it is only when summing the intensity across a wider region, including those areas not surveyed, that our model tends to disagree with expert opinion.
| Comparison with other studies
The maximum intensity from the Integrated model is 4.4 individuals/km 2 , which is about 50% more than the highest reported estimates for the species (2.92 individuals/km 2 ) using capture-recapture methods (González-Maya et al., 2012 
| Habitat connectivity
Regardless Canal already presents a substantial barrier to connectivity between habitat cores for Baird's tapir (Meyer et al., 2015) although there are anecdotal data of tapirs crossing the canal zone (Meyer, Moreno, & Jansen, 2013) . The proposed construction of the larger Nicaragua
Canal would further fragment the species distribution and almost certainly pose a permanent genetic barrier because the areas with the highest density of canal-related infrastructure coincide with the only remaining areas of viable Baird's tapir habitat in the vicinity of the proposed canal zone . Therefore, the proposed Nicaragua Canal would isolate populations in the two major cores to the north, from several substantial cores to the south, including the Talamanca as discussed above, and a large habitat core in the Darién of Panama, which extends into the Chocó of Colombia. These two areas represent two of the largest cores for Baird's tapir, as the fifth and third largest cores, respectively. It is unclear to what extent this could affect the long-term survival of Baird's tapirs given their previously reported low genetic diversity (Norton & Ashley, 2004) .
| CONCLUSION
The main advantage of the integrated SDM framework tested here is the ability to use both presence-only and presence-absence data in estimating an SDM. This is especially advantageous for wide-ranging, but relatively rare, species such as the Baird's tapir. Modelling the entire distribution of these species requires the combination of several independently collected data sets, some of which may not include absence data.
One of the most exciting possibilities of the Integrated SDM, and point process models in general, is the ability to estimate species population size by summing intensities. This can be carried out because the expected number of individuals in a given area is equal to the sum of the estimated intensities across that area (Diggle, 2013) . However, care should be taken when interpreting a fitted PPM and what is actually being modelled (Renner et al. 2015) . The Integrated SDM used in this research includes the observation process as a latent variable, and thus, it should estimate the true species abundance (not relative patterns in species abundance). However, our research highlights the need for further work to validate the population estimates from the model due to discrepancies between estimated intensity and expert opinion on total population size for the species.
It is possible that the seemingly high population estimates from this model for Baird's tapir are due to missing proximate (i.e., causal) environmental variables, meaning the model is closer to the potential (i.e., carrying capacity) than the actual distribution of the species (Austin, 2002) . In other words, areas identified as suitable may not actually be occupied by the species due to movement constraints (e.g., dispersal barriers), competition with other species, disease, hunting pressure or other variables not included in the model.
It is also possible that duplicate records of single individuals exist in the data we used to fit the model, despite our efforts to reduce this possibility using spatial subsampling with a minimum allowable distance of 5 km. Future research using simulated data should investigate the impact of duplicate records on the modelled intensity. Although it is possible some duplicates remain in the data used to fit the model after subsampling, this number should be small, and the effect on estimated intensity minimal. Simulated data could be ideal for testing the magnitude of this effect.
A sensitivity analysis of the Integrated SDM framework using the same Baird's tapir data used in this research found that the spatial resolution of the analysis has a strong effect on the magnitude of intensity and total population estimates (Schank et al. in prep) . It is suspected that this is due to the effective sample area being expanded by the individual movements of the species, and the way area is included in the model formulation. Thus, any simulation that seeks to understand the model better should incorporate animal movement.
